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Introduction
Although agricultural production is an important source of income and employment for developing countries, it also is responsible for serious environmental damage, including aquifer depletion, land degradation, water pollution, soil erosion, deforestation, and biodiversity loss (World Bank 2008; Isik 2004; Sterner 2003) . Addressing these problems using conventional command-and-control regulation is challenging because producers tend to be small, numerous, and geographically dispersed. Eco-certification is a nonregulatory environmental management approach that promises to both control for the negative environmental externalities and increase the income of rural poor (Giovannucci and Ponte 2005; Rice and Ward 1996) . Third parties award eco-labels such as organic, Rainforest Alliance, Fair Trade, and UTZ to producers, conditional on their meeting specific environmental and social performance criteria. The labels in turn can confer financial rewards, including price premiums and access to expanded markets. However, the producer-level environmental benefits of eco-certification may be limited because of self-selection-that is, because producers already meeting certification standards tend to disproportionately obtain certification (Blackman and Rivera 2011; Barbosa de Lima et al. 2009 ). Already-green producers have relatively strong incentives to participate: the costs are low because they do not have to change production practices to meet certification standards, and the benefits, including price premiums and improved market access, can be significant. But if the bulk of certified producers were already green before certification, then on average, certification will have only limited effects on production practices. Hence, it is not clear ex ante whetherafter controlling for self-selection effects-eco-certification in developing countries actually has significant environmental benefits.
To date, there is limited empirical evidence on this issue (Blackman and Rivera 2011; Parrot et al. 2007; IFAD 2003) . To our knowledge, the only quantitative study that both considers the producer-level environmental effects of coffee and purports to controls for selfselection effects is the one by Blackman and Naranjo (2010) . They find that even after controlling for self-selection, certification has environmental benefits. It reduces agrochemical use and increases the use of sustainable farming practices. They contend that this finding stems in part from the fact that in Costa Rica, the vast majority of coffee growers rely heavily on agrochemicals and therefore do not meet organic certification standards. That is, opportunities for the type of self-selection described above are limited.
Several less rigorous studies analyze environmental impacts by comparing environmental outcomes for certified farms before and after certification or comparing outcomes for certified farms and unmatched uncertified farms. Most find few differences. Quispe Guanca (2007) uses survey data on changes in environmental management practices before and after certification (organic, Fair Trade, Rainforest Alliance, UTZ Kapeh, and C.A.F.E. Practices) for a sample of 106 certified farms in Costa Rica. He observes that although all farms reduced herbicide use after certification, most did not reduce the use of other agrochemicals. Philpott et al. (2007) Just as environmental effects of eco-certification are uncertain, so too are the economic effects. In principle, price premiums, market access, and technical assistance associated with eco-certification can boost growers' profits. But eco-certification also generally requires changes in production practices that raise some costs. For example, organic cultivation is typically more labor intensive than conventional farming (Lygbaeck et al. 2001; Van der Vossen 2005) . In addition, eco-certification entails fixed transaction costs associated with red tape and variable transaction costs associated with monitoring and reporting. Finally, self-selection effects can dilute economic benefits: relatively wealthy producers may be more likely to obtain ecocertification because they can more easily cover the fixed transaction costs. Given all these factors, ex ante, the net effect of eco-certification on producers' economic status is uncertain.
Empirical evidence on the economic effects of organic certification is mixed. Focusing on Ugandan growers, Bolwig et al. (2009) find that certified growers have net revenues that are 75% higher than uncertified growers, all other things equal. However, because certified coffee has higher value added, the comparison with uncertified coffee is problematic. A study in Costa Rica by Lygbaeck et al. (2001) shows that the price premium from organic coffee partly compensates for lower yields. However, once the cost of certification is included, organic production generates lower net revenues than conventional production. Kamau et al. (2010) find that while UTZ coffee certification in Kenya does not imply higher income for producers as compared with a matched control group, it is associated with higher savings and investment and greater access to credit for coffee growers. Similarly, using matching estimators, Jena et al. (2012) find that Fair Trade coffee certification in Ethiopia does not have a significant effect on yield per hectare or income. Chiputwa et al. (2015) consider the case of Uganda. Using propensity score matching, they find that neither organic nor UTZ certification has significant impacts on poverty. This paper investigates both the environmental and economic effects of organic certification in the southeastern part of Colombia, one of the world's leading coffee producers.
We rely on an original panel data set and use matching and matched difference-in-differences (DID) estimators to control for selection effects (Rosenbaum and Rubin 1983; Smith and Todd 2005) . We find that certification does have environmental benefits: it significantly reduces the disposal of sewage in field and spurs the adoption of organic fertilizer. However, we are not able to discern a positive economic effect. The price premiums that certified producers earn are just enough to compensate them for lower productivity from organic technologies and do not compensate them for the positive environmental effects generated.
The remainder of the paper is organized as follows. The next section provides background on organic coffee cultivation in Colombia. Section 3 discusses our methodology.
Sections 4 and 5 present our data and the results. The final section sums up and discusses our findings.
Coffee Cultivation in Colombia
Coffee is the most important agricultural product in Colombia, generating 12.4% of the total agricultural revenue and employing about 553,000 growers, 95% of whom cultivate farms smaller than 5 hectares (FNC 2011; Giovannucci 2002 ).
Traditionally, coffee was grown in the shade of natural or planted forests with few agrochemicals. Over the last 30 years, however, new coffee varieties have been developed that can be cultivated under full-sun exposure. Almost half of Colombian coffee is "sun-grown," and in some regions the fraction exceeds three-quarters (FNC 2008a) . In Colombia, yields per hectare from sun-grown coffee are about four times those from shade-grown coffee (FNC 2008a ).
But there is a disadvantage: sun-grown coffee has serious adverse environmental effects.
The reduction in tree cover is associated with a loss in biodiversity. For example, Greenberg et al. (1997) found that full-sun coffee plantations support 90% fewer bird species than shadegrown coffee. In addition, sun-grown coffee is associated with higher rates of soil erosion, is more susceptible to weeds and pests, and requires chemical fertilizers and pesticides that can pollute surface and groundwater and cause worker health problems (Ataroff and Monasterio 1997; Babbar and Zak 1995; Bermúdez 1980) Our study focuses on organic growers in Cauca, a department (state) in the southeastern part of the country. Cauca, one of Colombia's leading centers of organic coffee production, is home to 16% of Colombia's coffee farms and 8% of its coffee acreage (FNC 2008a) . We focus on five municipalities in Cauca with particularly high rates of organic certification: Inzá, Cajibío, Tambo, Timbío, and La Sierra. In all, 331 growers harvesting 587 hectares were certified organic in these municipalities in 2008 (FNC 2008b . In addition, 162 growers harvesting 211 hectares were in transition to certification (FNC 2008b) . The vast majority of these growers were certified in the decade prior to our survey. Very few were certified prior to 1998. Three organizations certified the organic growers in our study area: Bio-Latina, Institute for Marketecology (IMO) Control, and Organic Crop Improvement Association. Each of these organizations holds multiple accreditations for multiple markets. 
Methodology
We evaluate the impact of organic certification on environmental and economic outcomes. Let be an outcome variable for grower i at time t+s (for s > 0) conditional on a certification indicator variable C. The causal effect of certification for grower i at time period t+s is defined as
The average effect of certification on all certified growers is
The general challenge of causal inference is that the quantity is unobservable for certified growers. Hence, we must construct the last term in Equation 2: the average outcome for certified growers had they not been certified. We rely on matching techniques to construct this counterfactual. That is, we pair each certified grower with an uncertified grower based on a vector of Z characteristics observed before certification.
It may not be possible to find uncertified growers with identical values of all elements of Z, however. Rosenbaum and Rubin (1983) demonstrate that it is necessary to match agents only on the basis of their propensity score, the probability of treatment (here certification) as predicted by a probit regression. This prediction can be interpreted as a weighted average of the characteristics in Z, where the weights reflect the importance of each characteristic in explaining treatment. This approach collapses the thorny problem of exact matching on all observable characteristics to the much simpler problem of matching a single summary variable.
Using this method, we first estimate the probability of being organic certified using a probit model. That is, we estimate
We use the estimated parameters to generate a propensity score for each grower in our sample.
Various algorithms are available to pair certified growers with uncertified growers on the basis of their propensity scores (Caliendo and Kopeining 2008; Morgan and Harding 2006) . To ensure robustness, we report results from five: (i) nearest neighbor 1-to-1 matching, wherein each certified grower is matched to the uncertified grower with the closest propensity score; (ii) nearest neighbor 1-to-4 matching, wherein each certified grower is matched to the four uncertified growers with the closest propensity scores and the counterfactual outcome is the average across these four; (iii) nearest neighbor 1-to-8 matching; (iv) nearest neighbor 1-to-16 matching; and (v) kernel matching, wherein a weighted average of all uncertified growers is used to construct the counterfactual outcome.
Propensity score matching depends on two identifying assumptions. The first assumption, "ignorability" or "conditional independence," is that conditional only on agents' observed characteristics, the treatment (certification) decision is ignorable for purposes of measuring outcomes. That is, we are able to observe and control for all potentially confounding variables that simultaneously affect the treatment decision and the outcome variables. This first assumption is untestable. The second assumption, "common support" or "overlap," is that the distribution of observed characteristics for nonparticipants is similar to that for participants, such that agents with similar characteristics have a positive probability of being participants and nonparticipants. For all five models, we enforce a common support and allow matching with replacement.
The treatment effect for the treated (ATT) can be estimated using cross-sectional data as
where is the estimated propensity score. That is, ATT is simply the difference between the mean outcomes for the sample of certified growers and a matched sample of uncertified growers selected using propensity scores. A disadvantage of this approach, however, is that a violation of the conditional independent assumption-that is, the assumption that we have controlled for the effects of unobservable confounding factors-can bias the results. For example, say the grower's environmental consciousness is unobservable and highly correlated both with environmental outcomes and with selection into certification. In that case, ATT estimates may be biased upward.
To control for such unobservables, in addition to simple matching we also use a difference-in-differences (DID) matching estimator where our data permit. This estimator, which exploits information on changes in outcomes over time as well across growers, takes advantage of the fact that we have two-period panel data for some (but not all) outcome variables.
Specifically, as discussed below, we have panel data for our environmental outcome variables, but not for our economic outcome variables. DID matching estimators control for time-invariant unobserved confounding factors and therefore are more robust than simple matching estimators (Smith and Todd 2005) . The DID matching estimator is defined as
where  is the before-after change in outcome. Hence, the DID matching estimator considers the difference between the mean before-after change in outcomes for the sample of certified growers and a matched sample of uncertified growers selected using propensity scores. Intuitively, this estimator indicates whether growers who adopted the organic certificate improve agricultural practices more than uncertified growers. We use kernel matching to implement the DID matching estimators.
Calculating standard errors for ATT estimated using propensity score matching is not straightforward because these errors should, in principle, account for the fact that propensity scores are estimated and for the imputation of the common support (Heckman et al. 1997 (Heckman et al. , 1998 .
Therefore, following Dehejia and Wahba (2002) and others, we bootstrap standard errors (using 1,000 replications).
Data and Variables

Survey and sample
The data used for our analysis come from an original of survey of 379 coffee growers in five municipalities in the department of Cauca, Colombia. The survey was conducted between March and June 2008. As noted above, we selected this department and these municipalities because they are home to a relatively large concentration of organic growers. We randomly selected our survey sample from lists of coffee growers. The survey questionnaire was administered on-site by trained enumerators in face-to-face sessions that typically lasted 40 minutes.
The survey solicited information on both grower characteristics (e.g., age, education) and farm characteristics (e.g., eco-certification, hectares cultivated, types of inputs used) for two years: 2007 and 1997. 2 All but seven of the organic growers in our survey sample were organic certified after 1997. Hence, for all but these seven growers, 1997 grower and farm characteristics predate and therefore are exogenous to the decision to obtain organic certification. As noted below, we dropped these seven growers from our regression sample.
Among the production practices on which we have data, six are monitored by organic certifiers. These are our environmental outcome measures. We divided them into four "negative" practices that must be discontinued for organic certification and two "positive" practices that must be adopted. Following are the four negative practices: have induced changes in agricultural practices, although we expect that transformation of the productive system is slow.
These are the two positive practices:
 the use of organic fertilizer  the use of shade cover for coffee trees
In addition to these six negative and positive practices that are monitored by organic certifiers, we included another positive practice that is not:
 the use of coffee pulp to fertilize
We included this practice because there is some concern that the requirement to use organic fertilizer forces growers to buy additional organic matter. This seventh practice flags growers that use on-farm materials.
Our survey data include detailed information on economic outcomes of coffee cultivation. Our six economic outcome measures are as follows:
Starting with the 379 randomly selected growers whom we surveyed, we constructed our matched sample for the analysis of environmental outcomes as follows. First, we eliminated 94 growers who could not provide data for 1997 because their farms did not yet exist in 1997 or
were not yet producing marketable coffee. Second, we eliminated 35 growers who obtained a certification other than, or in addition to, organic. 3 We dropped these growers so that we could disentangle the effect of organic certification from other types of certification. Third, we dropped four growers who were certified or transitioning to certification prior to 1998 to control for the endogeneity problem noted above. Fourth, we dropped five growers who were certified after 1997 but gave up their certifications prior to 2007. We dropped these growers because they would be counted as uncertified in our matching sample but may have had outcomes or characteristics that were affected by having been certified. Fifth, we dropped 22 growers who reported economic outcomes that were outliers. Finally, we dropped 9 growers who did not provide complete responses for 1997.
Having dropped these 169 growers, our regression sample comprises 210 growers, all of whom had been producing coffee since at least 1997, none of whom were organic certified in 1997, and none of whom had ever obtained an eco-certification other than organic. Of these 210 growers, 52 were organic certified in 2007, and 158 had never been eco-certified at any time. Table 1 lists, defines, and presents descriptive statistics for the variables used in our matching analysis, including both outcome variables and grower and farm characteristics. We present sample means for the entire sample and certified and uncertified subsamples.
Variables
3 These included 28 farms that were Rainforest Alliance certified and 7 that were Fair Trade certified.
[Insert Table 1 To match certified and uncertified growers, we used propensity scores generated by regressing an organic certification dummy onto a rich set of grower and farm characteristics. The grower characteristics are female, a dichotomous dummy equal to one for female growers; age, The farm characteristics, all of which correspond to the year 1997, are own farm, a dichotomous dummy equal to one if the grower owns (versus rents or leases) the farm; no. trees, the number of coffee trees on the farm; farm size, the total area of the farm in hectares; area coffee, the size of all coffee lots in 1997, no. lots, the number of geographically distinct lots on the farm; organic matter, an estimate of the number of kilograms of manure produced by all animals on the farm; 5 capital index, a count of the number of common capital items owned (depulper, mill, silo, fumigator, motor, other); borbon, caturra, colombia, and castillo, the 4 A limitation of the survey is that it did not ask about family size for 1997.
5 These estimates are based on the simple linear model in Muñoz and Moreno (2001) that relates the number and type of farm animals to the quantity of manure.
proportions of the farm's coffee trees that are the most common varieties in the study area; Sierra, dichotomous dummy variables indicating whether the farm is located in each of the five study municipalities.
Descriptive statistics
There was significant variation across growers in precertification (1997) use of the seven positive and negative practices that constitute our environmental outcomes. For the four negative practices, rates range from 4% for herbicide to 47% for sewage disposal. 6 For the positive practices, rates range from 26% for organic fertilizer to 91% for shade cover. 7 In 1997, for two of the seven environmental practices, growers that went on to obtain organic certification in subsequent years performed "better" than those who were never certified: they were significantly less likely to use chemical fertilizer and more likely to use organic fertilizer. Hence, it is 6 Note that the mean of the outcome variables for certified farmers is positive, albeit small, implying that a handful of the 52 certified growers in our sample used chemical inputs or disposed of their sewage in their fields in 2007.
Organic standards allow the occasional use of chemical inputs when deemed necessary and preauthorized by a certifying agency inspector.
7 Note that the mean of the outcome variables for certified farmers is less than 1, implying that some of the certified growers in our sample had not adopted the two environmental management practices we consider. Organic inspectors relax certification requirements in certain cases. In general, inspectors enforce prohibitions against negative practices (e.g., use of agrochemicals) more stringently than they require the positive ones (e.g., soil conservation).
reasonable to expect that a disproportionate share of growers that in 1997 were de facto organic-that is, those already meeting many organic standards-self-selected into organic certification, and as a result certification had only limited effects on the environmental performance of the average grower in our sample. Our empirical analysis aims at determining whether that was the case.
Note that for both certified growers (i.e., those certified in 2007) and uncertified growers, mean use of negative practices fell between 1997 and 2007, and mean use of positive practices rose. The statistical analysis aims to establish whether the effect was significantly larger for certified producers once we control for potential self-selection.
Among our seven economic outcome variables, in four cases we observe significant differences in 2007 means for certified and uncertified growers. Means for two of our three cost variables are significantly lower for certified growers than uncertified growers. Specifically, mean input costs for certified growers are about three times lower than for uncertified growers, and total production costs per hectare are about one-third lower. Surprisingly, even though organic technologies are generally thought to be relatively labor intensive, labor costs for certified and uncertified growers are not statistically different. Mean yield per hectare for certified growers is about half that for uncertified growers, a significant difference. Mean income for certified growers is also significantly lower than for uncertified growers. Finally, mean net revenues for certified and uncertified growers are not statistically different.
As for our control variables, our sample of growers is composed of small-scale growers with relatively low socioeconomic status. The average 1997 farm size in our sample was 2.19 hectares, and the average 2007 coffee net revenue per hectare was 849,000 Colombian pesos (US$422). The average grower had 3.7 years of school in 1997.
There are significant differences in the precertification (1997) means of eight control variables for certified and uncertified growers. Compared with uncertified growers, certified growers were more likely to have belonged to cooperatives, to have had farms comprising multiple lots, to have grown certain varieties of coffee and not others, to have produced certain grades of coffee and not others, and to have lived in certain municipalities and not others. These preexisting characteristics are likely to affect our outcomes. Hence, it is important to control for them in estimating our treatment effects. [Insert Table 2 here]
Results
Propensity scores and balance tests
We used propensity scores from our probit regression to match organic certified producers with uncertified producers. Table 3 presents the balance test for the five matching estimators used. All the estimators balanced 29 out of 29 covariates; that is, they generated a statistically insignificant difference in means for certified and matched uncertified farms for all to measure matching quality. 8 The highest median standardized bias is 11% for the nearest neighbor 1-1 estimator, and the lowest is 3% for nearest neighbor 1-8. Although a clear threshold for acceptable median standardized bias does not exist, according to Caliendo and Kopeining (2008) , a statistic below 3-5% is generally viewed as sufficient. These overall encouraging balance statistics are likely due to the fact that even though our probit selection model has 29 covariates, our sample includes more than three uncertified growers for each certified grower. As a result, we were able to find fairly close matches for each certified farm.
[Insert Table 3 here]
Average Treatment Effect on the Treated
We first discuss environmental outcomes and then examine economic outcomes. Table 4 presents results for the four negative environmental practices. fields by 26 percentage points. Given the discrepancy between our matching and matched DID results, our results for chemical fertilizer and insecticide must be interpreted with caution.
[Insert Table 4 here] [Insert Table 5 here] Table 6 presents results for economic effects of certification. As noted above, for these outcome variables, we are not able to use a DID estimator because we do not have 1997 data.
The results suggest that organic certification decreases the input costs and yields but does not have a significant effect on labor costs, total costs, income, or net return. For input costs, ATT is both negative and significant for four of the five matching estimators. The magnitude is substantial, ranging from -154 to -170 thousand pesos per hectare. For yield, ATT is both negative and significant for one of five estimators. The insignificance of ATT for total costs, income, and net return probably reflects the fact that lower yields associated with certification are offset by lower input costs and potentially by higher price premiums. Given these results, it is clear that because of the prices and other conditions that existed in Cauca during our study period, economic incentives for certification were limited.
[Insert Table 6 here]
Sensitivity analysis
Might endogeneity drive our results? As noted above, the effectiveness of our matching estimators in controlling for selection bias depends on the untestable identifying assumption that we are able to observe confounding variables that simultaneously affect growers' decisions to obtain organic certification and to use (or not use) the production practices that serve as our outcome variables. That is, we essentially assume endogeneity is not a problem. We calculate Rosenbaum bounds to check the sensitivity of our results to the failure of this assumption (Rosenbaum 2002; Aakvik 2001) . 9 Rosenbaum bounds indicate how strongly unobserved confounding factors would need to influence growers' decisions to obtain organic certification in order to undermine the matching result. To be more specific, the Rosenbaum procedure We calculate *, the critical value of  at which ATT is no longer significant at the 10% level, in each case-that is, for each combination of production practice and matching estimator-where ATT is significant (Tables 4, 5 , and 6, fourth column). Among the negative environmental practices, * is greater than 3 in the case of all but one of the 15 estimators for chemical fertilizer use, insecticide, and sewage disposal in fields. Among the positive practices, * is no lower than 2.26 for organic fertilizer and is no lower than 2.6 in the case of pulp fertilizer. For economic effects, * is larger than 3 for all of the five statistically significant estimators (four for input costs and one for yield). Hence, our sensitivity tests suggest that unobserved confounders would need to be quite strong to undermine our statistically significant matching ATTs. In other words, endogeneity is unlikely to drive these results.
Conclusion
We have used rich original survey data on 210 coffee farms in southeast Colombia to identify the environmental impacts of organic coffee certification. We have used propensity score matching and DID estimators to control for self-selection bias.
Our findings strongly suggest that certification reduces the use of one of the negative practices for which we have data-disposal of sewage in fields-and increases the use of two of the three positive practices for which we have data: use of organic fertilizer and pulp fertilizer. In each case, our conventional matching estimators and DID matching estimator generate a positive and significant ATT that is robust to possible hidden bias. For two additional negative practices-the use of chemical fertilizer and insecticide-our results also suggest that certification reduces use. However, these results are weaker. In each case, our conventional matching estimators generate a positive ATT that is not sensitive to hidden bias, but our DID matching estimator, which purports to control for unobserved confounders, is not significant.
Hence, overall, we find that organic certification improves some, but not all, facets of coffee growers' environmental performance.
These findings are consistent with those of Blackman and Naranjo (2010) , who performed what is to our knowledge the only other quantitative analysis of such effects that purports to control for self-selection bias. They also find that organic certification has environmental benefits and attribute this to the fact that in Costa Rica, growing coffee is highly technified, so most farms must change their management practices to obtain organic certification.
In Cauca, Colombia, by contrast, growing coffee is less technified. As noted above, except in the case of organic fertilizer use, the lion's share of the uncertified growers in our sample use practices consistent with organic certification. Hence, one would expect that the environmental effects of certification would be diluted by self-selection. Contrary to this intuition, however, we find that organic certification has at least some positive environmental impacts.
Thus our study suggests that the effectiveness of organic certification in spurring environmental benefits has less to do with the preexisting characteristics of coffee growers than with the design characteristics of the certification program. While many eco-certification programs feature fuzzy standards, self-monitoring, and participation by cooperatives, we have examined one that has relatively well-defined, stringent standards enforced at the individual farm level by independent third-party monitors. Previous studies suggest that these are the hallmarks of certification programs that tend to generate significant producer-level benefits (Rivera et al. 2006; de Leon and Rivera 2009; Darnall and Sides 2008) . Hence, our study indicates that commodity certification schemes with these characteristics can have significant environmental benefits, even in areas where self-selection threatens to dilute these benefits.
Our results regarding organic certification's economic effects are much less encouraging.
We are not able to discern robust effects of certification on labor costs, total costs, yields, or income. Only in the case of input costs does certification have a significant impact. These findings reflect the emerging conventional wisdom that organic cultivation has mixed effects on production costs, raising some and reducing others, so that the net benefits are limited (Lygbaeck et al. 2001; Van der Vossen 2005) . The fact that organic certification has limited economic benefits is likely to be a major obstacle to the promotion of certified organic technologies.
As a caveat to these conclusions, we hasten to note that our study is among the first to examine these issues using quantitative methods that purport to control for sample selection.
More evidence from other study sites is needed before we can draw general conclusions about
whether and under what circumstances eco-certification, or even just organic certification, has environmental and economic benefits. *, **, and *** denote significance at 0.1, 0.05, and 0.01, respectively. a Standard errors computed using bootstrap with 1.000 repetitions. b Critical value of odds of differential assignment to organic certification due to unobserved factors (i.e., value above which ATT is no longer significant). *, **, and *** denote significance at 0.1, 0.05, and 0.01, respectively. a Standard errors computed using bootstrap with 1.000 repetitions. b Critical value of odds of differential assignment to organic certification due to unobserved factors (i.e., value above which ATT is no longer significant).
